The wealth of information deliverable from transcriptome sequencing (RNA-seq) is 26 significant, however current applications for variant detection still remain a challenge due to the 27 complexity of the transcriptome. Given the ability of RNA-seq to reveal active regions of the 28 genome, detection of RNA-seq SNPs can prove valuable in understanding the phenotypic diversity 29 between populations. Thus, we present a novel computational workflow named VAP (Variant 30 Analysis Pipeline) that takes advantage of multiple RNA-seq splice aware aligners to call SNPs in 31 non-human models using RNA-seq data only. We applied VAP to RNA-seq from a highly inbred 32 chicken line and achieved >97% precision and >99% sensitivity when compared with the matching 33 whole genome sequencing (WGS) data. Over 65% of WGS coding variants were identified from 34 RNA-seq. Further, our results discovered SNPs resulting from post translational modifications, 35 such as RNA editing, which may reveal potentially functional variation that would have otherwise 36 been missed in genomic data. Even with the limitation in detecting variants in expressed regions 37 only, our method proves to be a reliable alternative for SNP identification using RNA-seq data. 38 39 Introduction 40 Detection of single nucleotide polymorphisms (SNPs) is an important step in 41 understanding the relationship between genotype and phenotype. The insights achieved with next 42 generation sequencing (NGS) technologies provide an unbiased view of the entire genome, exome 43 or transcriptome at a reasonable cost (1). Most methods for variant identification utilize whole-44 genome or whole-exome sequencing data, while variant identification using RNA-seq remains a 45 challenge because of the complexity in the transcriptome and the high false positive rates (2). 46 However, having access to RNA sequences at a single nucleotide resolution provides the 47 opportunity to investigate gene or transcript differences across species at a nucleotide level. 48 RNA-seq is applicable to numerous research studies, such as the quantification of gene 49 expression levels, detection of alternative splicing, allele-specific expression, gene fusions or RNA 50 editing (3). Workflows have been developed to address identifying SNPs from RNA-seq reads in 51 human, including SNPiR and eSNV-detect. SNPiR (4) employs BWA aligner and variant calling 52 using GATK UnifiedGenotyper, eSNV-detect (5) relies on combination of two aligners (BWA and 53 TopHat2) followed by variant calling with SAMtools and Opposum + Platypus (6). Opposum 54 reconstructs RNA alignment files to make them suitable for haplotype-based variant calling with 55 Platypus (7). These workflows require adequate sampling of RNA-seq reads and accurate mapping 56 of the RNA-seq reads to the reference genome to avoid false positive SNP calls. In addition to the 57 limitation of these workflows being specifically designed for human samples, they either rely on 58 outdated variant calling procedures, or preprocessing RNA-seq data to make it suitable for variant 59 calling, thus making it difficult to sufficiently compare their performance. 60 Due to the aforementioned limitations, we designed a workflow, called VAP (Variant 61 Analysis Pipeline), to reliably identify SNPs in RNA-seq in non-human models. VAP takes into 62 consideration current state-of-the-art RNA-seq mapping, variant calling algorithms and the GATK 63 best practices recommended by the Broad Institute (8), Our workflow consists of (i) multiple 64 splice-aware reference-mapping algorithms that make use of the transcripts annotation data, (ii) 4 65 variant calling following the Genome Analysis Toolkit (GATK) best practices, and (iii) stringent 66 filtering procedures. We propose that calculating specificity will estimate the likelihood of 67 detecting a true variant in RNA-seq and sensitivity will determine how likely RNA-seq is able to 68 detect an expressed SNP if it is present in a transcribed gene (9). Overall the results indicate that 69 RNA-seq can be an accurate method of SNP detection using our VAP workflow. 70 71 Materials and methods 72 VAP Workflow 73 Fig 1 shows the flowchart of the VAP workflow. Read quality was assessed using FastQC 74 and preprocessed using Trimmomatic (10) and/or AfterQC (11) when required. Pre-processed 75 RNA-seq reads were mapped to the reference genome and known transcripts employing three 76 splice-aware assembly tools; TopHat2 (12), HiSAT2 (13) and STAR (14). All three programs are 77 open-source and are highly recommended for reliable reference mapping of RNA-seq data (15). 78 SAMtools was used to convert the alignment results to BAM format (16). The mapped reads 79 undergo sorting, adding read groups, and marking of duplicates using Picard tools package 80 (https://broadinstitute.github.io/picard/). The SNP calling step uses the GATK toolkit for splitting 81 "N" cigar reads (i.e. splice junction reads), base quality score recalibration and variant detection 82 using the GATK HaplotypeCaller (17). Lastly, the filtering steps entail assigning priority to SNPs 83 found in all three mapping plus SNP calling steps, to minimize false positive variant calls. The Mann-Whitney Rank-Sum (MQRankSum) MQRankSum < -12.5 Alternative allele supporting read depth ALTreads < 5 Alternative allele ratio (Het) aa / t  0.10 99 100 DNA and RNA Sequencing data 101 We obtained RNA-seq and whole genome sequencing (WGS) data for highly inbred 102 Fayoumi chickens from previously published works. For RNA-seq, samples were collected from 103 the brain and liver generating of 2 chicken embryos at day 12, generating 117 million 75bp pair-104 end reads (Zhuo et al., 2017; the NCBI Sequence Read Archive Accession number SRP102082) 105 (20). For WGS, pooled DNA samples were constructed from individual DNA isolates from blood 106 from 16 birds, contributing to 241 million 100bp pair-end reads (Fleming et al., 2016; the NCBI 107 Sequence Read Archive Accession number SRP192622) (21). Both samples were sequenced on 108 the Illumina HiSeq platform. The transcriptome and whole genome of these samples have been 109 deeply sequenced to provide sufficient coverage for accurate identification of variants from RNA 110 and DNA of the same line. Having matched RNA and DNA samples allows for suitable 111 verification of RNA SNP calls, making our datasets good candidates for evaluating the accuracy 112 of our VAP methodology. 113 114 600K Genotyping data 115 Samples were genotypes individually and included 96 samples from two purebred (23 116 samples) and one crossbred (73 samples) commercial broiler populations. The samples were 7 117 genotyped with the ThermoFisher Axiom Chicken Genotyping Array (22). The raw genotyping 118 data (cel files) was analyzed with the Gallus gallus 5.0 genome (from Axiom server) using the 119 Axiom Analysis Suite Software (version 3.0.1) following the software's Best Practices Workflow 120 using recommended settings for agricultural animals. The final results were exported, including a 121 raw VCF of all the genotype calls and a txt file of all variants with >= 97% call rate. The txt file 122 was utilized to filter low quality variants from the raw VCF. 123 124 RNA-seq Mapping, Variant Calling and Filtering 125 RNA-seq samples were mapped with the three RNA-seq mapping tools; TopHat2 (v 2.1.1), 126 HiSAT2 (v 2.1.0) and STAR (v 2.5.2b) 2-pass method using default parameters to the NCBI Gallus 127 gallus Build 5.0 reference genome and the mapping files were converted to BAM using SAMtools 128 (v 1.4.1). The BAM files were processed, and variants were called using Picard tools (v 2.13.2) 129 and GATK (v 3.8-0-ge9d806836) through the VAP pipeline. We used ANNOVAR (v 2017Jul16) 130 and VEP (v 91) to annotate variants on the basis of gene model from RefSeq, Ensembl and the 131 UCSC Genome Browser. We retained SNPs found with all three mapping tools and those that 132 fulfilled the filtering criteria in Table 1. SNPs found in WGS data or present in dbSNP (Build 150) 133 are identified as "verified" variants, while those not found are tagged as "novel". The precision of 134 the VAP workflow was determined as the number of all known RNA-seq variants divided by the 135 total number of known and novel RNA-seq variants, i.e. Precision = verified SNPs / (verified SNPs + 136 novel SNPs ). 137 138 WGS Mapping, Variant Calling and Filtering
5 84 priority SNPs were filtered using the GATK Variant Filtration tool and custom Perl scripts. SNPs 85 were filtered using the set of read characteristics summarized in Table 1 ; low quality calls (QD < 86 5), or variants with strong strand bias (FS > 60), or low read depth (DP < 10) and SNP clusters (3 87 SNPs in 35bp window) were excluded from further analysis. Custom filtering was described as 88 follows: nucleotide positions with less than 5 reads supporting alternative allele and nucleotide 89 positions with heterozygosity scores < 0.10 are eliminated to prevent ambiguous SNP calls.
90 Alternative-allele ratio (Het) is calculated by Het i = aa i / t i ; where i is the nucleotide base pair, aa i 91 is the alternate read depth at the location i, and t i is the total number of reads at location i. After 92 filtering, the variants were annotated using the ANNOVAR (18) and VEP (19) software. To calculate specificity of our VAP methodology, we focused on variants in coding regions 233 to allow for fair comparison between RNA-seq and WGS data. Approximately 66% of the coding 234 variants identified by WGS were discovered using RNA-seq alone (Fig 6) . Given that RNA-seq 235 required less sequencing effort and computational requirements (e.g. 234 million for RNA-seq 236 compared to the 482 million for WGS sequencing reads used in our case study). Using RNA-seq 237 data is advantageous because it enriches for expressed genic regions compared to WGS and 238 therefore will increase the power to detect functionally important SNPs impacting protein 239 sequence. We then compared the RNA-seq SNPs in expressed genes (having FPKM > 0.1), and the 250 specificity increased from 66% to over 82% (Fig 7) . This shows that a large fraction of genes are 251 expressed at very low levels (Fig 8) . Overall the results prove our methodology can achieve high 252 specificity for variant calling in expressed regions of the genome. Given the high accuracy of genotyping arrays for SNP discovery, we compared our initially 260 verified RNA-seq SNPs with the genotyped chromosomes identified in the 600k chicken 261 genotyping panel (i.e. the autosomes (GGA1 -33). A low percentage (10%) of our RNA-seq SNPs 262 overlap with the 600k SNPs (Fig 9) , which is largely due to the limitation in the number of variants 263 the genotyping panel is able to capture across different samples. However, 99.9% of the 264 genotyping SNPs were found in dbSNP, proving dbSNP is an adequate method for in silico 265 verification of our RNA-seq SNPs. 
301
Considering the mapping phase of RNA-seq reads is a crucial step in variant calling, we 302 devised a reference mapping strategy using three RNA-seq splice-aware aligners to reduce the 303 prevalence of false positives. The use of the splice-aware aligner allows for accurate assembly of 304 reads because it makes use of both the genome and transcriptome information simultaneously for 305 read mapping.
306
The ability to call variants from RNA-seq has numerous applications. It enables validation 307 of variants detected by genome sequencing. It also uncovers potential post-transcriptional 308 modifications for gene regulation (Table 5 ) and allows for detection of previously unidentified 309 variants that may be functionally important but difficult to capture using DNA sequencing or 310 exome sequencing at lower cost. Although our WGS data was not sequenced from the same 311 samples that gave rise to the RNA-seq data, this could explain the poor overlap in our datasets, for 312 instance, 87.5% of RNA-seq variants in exons were not found in WGS though well characterized 313 in dbSNP ( Fig 6) . Therefore, RNA variants can be used in identifying genetic markers for genetic 314 mapping of traits of interest, thus offering a better understanding of the relationship between 315 genotype and phenotype.
316
Our VAP methodology shows high precision in calling SNPs from RNA-seq data. It is
